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bstract
The paper employs both fractional integration and structural break techniques in studying the daily share prices structure of the banking sector
n Nigeria. Our data span between 2001 and 2012, covers periods before and after the global financial crisis. The results obtained using both
arametric and semiparametric methods indicate little evidence of mean reversion since most of the orders of integration are equal to or higher than
. Long memory is found in the absolute and squared return series. The possibility of structural breaks is also taken into account and the results
how a different number of breaks depending on the bank examined. In general, an increase in the degree of dependence across time is noticed,
nd the most common break took place in December 2008, probably being related with the world financial crisis affecting also the banking system
n Nigeria.
 2014 Africagrowth Institute. Production and hosting by Elsevier B.V. All rights reserved.
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.  Introduction
The attainment and sustainability of economic growth
equires a robust, stable and firmly anchored financial system
ince the banking sector provides funds for capital input from
roducers in other sectors of the economy as well as from the
nal consumers. Structural reforms in the banking sector in some
eveloping countries have improved the health of the sector.
hese reforms have increased transparency and efficiency in the
ystem and the effect of all such changes has been crucial on bank
tock prices. The movement of prices in bank stocks is related
o that of the entire stock market and this implies that bank stock
eturns are less influenced by bank-specific information (Roll,
988).
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moothly and there was enough capital base in each bank to run
he financial operations. At the end of 2004, the Nigerian bank-
ng sector was characterized by a high degree of fragmentation
nd low levels of financial intermediation. Motivated by this sit-
ation the Central Bank of Nigeria (CBN) carried out a reform
hich drastically increased the capital base of the banks from 2
illion Nigerian nairas to 25 billion Nigerian nairas, and this led
o a remarkable reduction in the number of banks from 89 to 25,
ainly by mergers and acquisitions in 2006 (Hesse, 2007). Mis-
anagement of funds and over-representation of share prices
ere experienced in some of the remaining 25 banks after the
BN reform in 2006, and once again following various mergers
nd acquisitions, the number of banks was further reduced to 21
CBN, 2014).
Research on bank stock prices in the developed and emerging
conomies are few. This present work is the first to investigate
his issue in Nigeria. Al-Zeaud (2011) fitted AutoRegressive
ntegrated Moving Average (ARIMA) models for weekly share
rices of banks under the Amman Stock Exchange (ASE)
etween 2005 and 2010. Murari (2013) applied the CNX bank
ndex of the National Stock Exchange of India (NSEI) on time
eries models and found the ARIMA (1, 0, 2) to be the appropri-
te model for predicting the volatility in the bank stock returns.
ll rights reserved.
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ahan and Kenett (2013) also fitted lower order ARIMA mod-
ls for conventional and Islamic banks stock prices in Europe. A
umber of papers have applied variants of Autoregressive Con-
itional Heteroscedastic (ARCH) models on stock and share
rices, while only a few considered the series on ARIMA mod-
ls. Choice of the appropriate ARIMA or volatility models
herefore depends on the stationarity property of the series.
This paper applies the long range dependence approach on
he mean and variance series of the Nigerian banking share
rices. The work further examines the possible structural breaks
n the share prices over the years. The rest of the paper is struc-
ured as follows: Section 2 discusses the long range dependence
pproach as well as the presence of structural breaks in the con-
ext of fractional integration. Section 3 presents the data and
he empirical results, while Section 4 gives some concluding
emarks.
.  Methodology
This paper focuses on the issue of long range dependence
r long memory and in particular uses fractional integration or
(d) models. An I(d) process can be defined as follows: let ut be
n integrated of order 0 (I(0)) process, defined as a covariance
tationary process with a spectral density function that is positive
nd finite at the zero frequency. In this context, xt is said to
e integrated of order d, and denoted by xt ≈  I(d) if it can be
xpressed as follows:
1 −  L)dxt =  ut,  t =  1,  2,  . . ., (1)
here L  is the lag operator (Lxt = xt−1) and d  can be any real
umber. Using a Binomial expansion on the polynomial in L in
1) we obtain that
1 −  L)d =
∞∑
j=0
ψjL
j =
∞∑
j=0
(
d
j
)
(−1)jLj
=  1 −  dL  + d(d  −  1)
2
L2 −  ·  · ·,
nd thus
1 −  L)dxt =  xt −  dxt−1 + d(d  −  1)2 xt−2 −  · ·  ·
n this context, d  plays a crucial role, since it will be an indicator
f the degree of dependence of the series. Thus, the higher the
alue of d is, the higher the level of association will be between
he observations. Processes with d  > 0 in Eq. (1) display the prop-
rty of “long  memory”, so-named because of the strong degree
f association between observations which are very distant in
ime. They are also characterized because the autocorrelations
ecay hyperbolically slow and the spectral density function is
nbounded at the origin.
The methodology employed in the paper to estimate the frac-
ional differencing parameter is based on both parametric and
emiparametric methods. In the parametric approach we use the
hittle function in the frequency domain, assuming different
odels for the disturbance errors, while a “local” Whittle esti-
ate is used in the semiparametric case. The issue of structural
n
t
u
aopment Finance 5 (2015) 13–23
reaks is also taken into account, and for this purpose, we use
 methodology devised by Gil-Alana (2008) that allows frac-
ional differencing parameters to be estimated in the context of
reaks, with the number of breaks and the break dates being
ndogenously determined by the model itself.
.  Data  and  empirical  results
We use daily data of share prices of banks in Nigeria for the
2 highly capitalized commercial banks in the country listed
n the platform of the Nigerian Stock Exchange (NSE). These
re the Access Bank, the Diamond Bank, Fidelity Bank, First
ank, First City Monument Bank (FCMB), Guaranty Trust Bank
GTB), Sterling Bank, United Bank, Union Bank, Unity Bank,
ema Bank and Zenith Bank, for the time period January 2nd,
001 to December 30th, 2012 and no adjustment was made for
on-trading days (weekends and holidays). Different episodes of
anks re-capitalization took place during the sample data period,
ome banks were stopped from operating by the CBN, while oth-
rs merged with those with stronger financial backing. Based on
hese reasons, and for consistency in the sample data points, we
esolved to use the banks that have been listed on the platform
f the NSE from as far back as 2001. The time plots represent-
ng the share prices of these banks over the time periods are
resented in Fig. 1.
Notice that for six of the series (Diamond, Fidelity, FCMB,
terling, Unity and Zenith) the values remain constant during the
rst four years, which might affect the results presented, however
or the remaining series, the values keep moving from the very
eginning of the sample. In general, we observe in the 12 series
n increase in the values starting at April 2006 and lasting for a
ouple of years, the values decrease abruptly around May 2008,
oinciding with the major financial crisis affecting countries all
ver the world.
The descriptive measures on the shares prices of these banks
re presented in Table 1. We observed that First Bank has the
ighest average share price (N25.02), while Unity Bank has an
verage of N2.34 as its share price. The average share prices
or each of the banks are about one-third of the highest prices
bserved for banks in Nigeria just before the global financial
risis in early 2009.
The first thing we do in this section is to estimate the
ractional differencing parameter for each series. We use the
og-transformed data such that the first differences of the logged
rices are the returns series. First, we employ a parametric Whit-
le approach (Dahlhaus, 1989) using different assumptions for
he error term. In particular, we employ the following model,
t =  α  +  βt  +  xt ; (1 −  L)dxt =  ut ; t =  1,  2,  . . ., (1)
here yt is the observed time series (the log-prices) and xt is
upposed to be I(d) where d, the degree of integration, is a real
arameter to be estimated from the data. Given the parametric
ature of the method, we need to impose a modelling assump-
ion for the error term ut in (1). First, we will suppose ut is
ncorrelated (white noise); then an AR(1) process is assumed,
nd finally, the exponential spectral model of Bloomfield (1973)
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Fig. 1. Original time series.
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Fig. 1. (Continued)
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Table 1
Descriptive measures.
Banks Mean Median Maximum Minimum Std. dev. Skewness Kurtosis
Access 6.587 4.880 25.500 1.000 5.579 1.517 4.703
Diamond 7.963 6.950 23.450 1.920 4.101 1.851 6.350
Fidelity 3.740 2.940 13.000 1.130 2.689 2.193 6.531
First 25.024 23.700 72.760 7.950 11.095 0.791 3.369
FCMB 6.331 4.390 21.600 2.320 4.216 1.893 5.574
GTB 14.738 13.660 40.000 4.170 8.066 1.076 3.720
Sterling 3.073 2.800 10.100 0.800 1.774 1.612 4.870
UBA 15.313 11.020 63.940 1.640 13.192 1.908 5.702
Union 21.386 24.510 50.330 1.960 12.312 -0.035 2.011
Unity 2.344 1.900 9.950 0.500 1.886 1.970 6.331
Wema 4.550 3.740 15.000 0.500 4.134 1.519 4.365
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CMB – First City Monument Bank; GTB – Guaranty Trust Bank; UBA – Uni
s taken into account. The latter is a non-parametric approach
f modelling the I(0) error term that produces autocorrelations
ecaying exponentially as in the AR case.1
We present the results for the three standard cases examined
n the literature, that is, the case of no deterministic terms in the
ndifferenced regression (i.e., α  = β  = 0 in (1)), an intercept (α
nknown and β  = 0), and an intercept with a linear time trend
α and β  unknown). Table 2(i) focuses on the case of white
oise disturbances; Table 2(ii) displays the results for AR(1)
isturbances, while Table 2(iii) refers to the exponential spectral
odel of Bloomfield (1973).
Starting with the results based on white noise disturbances
in Table 2(i)) we observe that only for FCMB do we find some
vidence of mean reversion, since the I(1) hypothesis is rejected
n favour of d  < 1 for the cases of an intercept and a linear time
rend. There is another bank (First) where the unit root null
i.e., d  = 1) cannot be rejected, while for the remaining banks
he results suggest orders of integration significantly above 1,
anging from 1.06 (GTB) to 1.21 (Diamond and Wema banks).
The above results, however, might be biased due to the lack
f autocorrelation for the error term. Thus, in what follows, we
llow for autocorrelation, first using a simple AR(1) structure
or the disturbances. The results are displayed in Table 2(ii), and
he orders of integration are slightly smaller than in the previous
ase of uncorrelated errors. Thus, we observe some evidence of
ean reversion (i.e., d < 1 in First and GTB) and evidence of unit
oots (d  = 1) in another group formed by seven banks (Access,
iamond, Fidelity, Sterling, United, Union and Zenith). For the
emaining three banks (FCMB, Unity and Wema) the orders of
ntegration are significantly higher than 1. Finally, we employ
 more general autocorrelated specification for the error term
ased on the model of Bloomfield (1973) and the results, dis-
layed in Table 2(iii), are very similar to the case of AR(1) errors:
ean reversion (d  < 1) is obtained for First Bank and GTB; unitoots (d  = 1) for Access, Fidelity, Sterling, United, Union and
enith banks; and I(d) with d  > 1 for Diamond, FCMB, Unity
nd Wema banks.
1 See Gil-Alana (2004) for a justification of the use of the model of Bloomfield
1973) in the context of fractional integration.
(
T
i
m
s
F
t10.110 12.124 2.016 6.106
nk.
To check for robustness, we also employed a semiparame-
ric estimation approach for the differencing parameter. In this
ontext, no functional form is imposed on the I(0) error term ut.
n particular, we use a “local” Whittle approach suggested by
obinson (1995) and improved later by Velasco (1999), Velasco
nd Robinson (2000), Phillips and Shimotsu (2004) and Abadir
t al. (2007) among many others.
Given the nonstationary nature of the series examined, the
esults have been obtained based on the first differenced data,
hen adding 1 to obtain the proper orders of integration of the
eries. We observe in Table 3 that for Fidelity and FCMB most
f the estimates are above 0 implying orders of integration in the
riginal series above 1. Some evidence of explosive behaviour
s also observed in GTB, United and Access banks for some
andwidth numbers, while for the remaining series most of the
alues are within the I(0) interval (I(1) in the original series). No
vidence of mean reversion is obtained in any single case. Table 4
roduces some summary statistics of the results presented so
ar. We observe that across the different methods presented the
nly evidence of mean reversion is obtained for FCMB in the
ase of white noise errors, and for First Bank and GTB with
utocorrelated disturbances.
Next we focus on the data starting in January 2005. In doing
o, we eliminate the potential bias created by the existence of
onstant values at the beginning of various series. Table 5(i) dis-
lays the Whittle parameter estimates of d  for the case of white
oise disturbances, while Table 5(ii) and (iii) refers respectively
o the cases of AR(1) and Bloomfield disturbances. If ut is white
oise, mean reversion only takes place in the case of the FCMB
ith an intercept and with an intercept and a linear trend, and
llowing for autocorrelation, First Bank and GTB are the only
nes with estimates of d  which are statistically below 1. With
he semiparametric approach (Table 6), all the estimated val-
es of d  are equal to or higher than 0 in the first differenced
return) series. Table 7 summarizes the results reported across
ables 5 and 6, and the results are fairly similar to those reported
n Table 4 for the complete dataset. As a final remark we can
ention that the Efficient Market Hypothesis (EMH) is deci-ively rejected in all except one single series corresponding to
irst Bank in the results reported in Tables 2(i) and 5(i). Note
hat this hypothesis is consistent with the existence of a random
18 L.A. Gil-Alana et al. / Review of Development Finance 5 (2015) 13–23
Table 2
Estimates of d based using a parametric approach.
Banks No regressors An intercept A linear time trend
(i) White noise disturbances
Access 1.10 (1.07, 1.12) 1.10 (1.08, 1.13) 1.10 (1.08, 1.13)
Diamond 1.07 (1.04, 1.10) 1.21 (1.18, 1.25) 1.21 (1.18, 1.25)
Fidelity 1.10 (1.08, 1.14) 1.20 (1.16, 1.24) 1.20 (1.16, 1.24)
First 1.00 (0.98, 1.03) 1.01 (0.98, 1.04) 1.01 (0.98, 1.04)
FCMB 0.99 (0.97, 1.01) 0.97 (0.95, 0.99) 0.97 (0.95, 0.99)
GTB 1.05 (1.03, 1.08) 1.06 (1.03, 1.09) 1.06 (1.03, 1.09)
Sterling 1.10 (1.07, 1.13) 1.14 (1.11, 1.18) 1.14 (1.11, 1.18)
United 1.04 (1.00, 1.07) 1.13 (1.10, 1.16) 1.13 (1.10, 1.16)
Union 1.02 (1.00, 1.05) 1.07 (1.04, 1.10) 1.07 (1.04, 1.10)
Unity 1.08 (1.05, 1.10) 1.09 (1.06, 1.11) 1.09 (1.06, 1.11)
Wema 1.20 (1.17, 1.23) 1.21 (1.18, 1.24) 1.21 (1.18, 1.24)
Zenith 1.03 (1.00, 1.06) 1.17 (1.13, 1.20) 1.17 (1.13, 1.20)
(ii) AR(1) disturbances
Access 1.01 (0.96, 1.06) 1.02 (0.97, 1.06) 1.02 (0.97, 1.06)
Diamond xxx 1.00 (0.94, 1.05) 1.00 (0.94, 1.05)
Fidelity xxx 1.00 (0.96, 1.04) 1.00 (0.96, 1.04)
First xxx 0.89 (0.85, 0.94) 0.89 (0.85, 0.94)
FCMB 1.13 (1.07, 1.19) 1.07 (1.04, 1.11) 1.07 (1.04, 1.11)
GTB xxx 0.92 (0.87, 0.97) 0.92 (0.88, 0.97)
Sterling xxx 1.01 (0.96, 1.07) 1.01 (0.96, 1.07)
United xxx 0.98 (0.93, 1.04) 0.98 (0.93, 1.04)
Union xxx 1.00 (0.95, 1.05) 1.00 (0.95, 1.05)
Unity 1.05 (0.98, 1.11) 1.06 (1.00, 1.12) 1.06 (1.00, 1.12)
Wema 1.08 (1.01, 1.15) 1.09 (1.04, 1.15) 1.09 (1.04, 1.15)
Zenith xxx 0.96 (0.91, 1.01) 0.96 (0.91, 1.01)
(iii) Bloomﬁeld disturbances
Access 1.03 (0.99, 1.07) 1.02 (0.99, 1.07) 1.02 (0.99, 1.07)
Diamond 1.03 (0.99, 1.07) 1.06 (1.02, 1.10) 1.06 (1.02, 1.10)
Fidelity 1.03 (1.00, 1.07) 1.03 (0.99, 1.07) 1.03 (0.99, 1.07)
First 0.98 (0.94, 1.02) 0.91 (0.87, 0.95) 0.91 (0.87, 0.95)
FCMB 1.05 (1.01, 1.10) 1.09 (1.05, 1.13) 1.09 (1.05, 1.13)
GTB 0.99 (0.95, 1.02) 0.94 (0.90, 0.99) 0.94 (0.90, 0.99)
Sterling 1.03 (0.99, 1.08) 1.04 (0.99, 1.09) 1.04 (0.99, 1.09)
United 1.01 (0.97, 1.06) 1.03 (0.98, 1.06) 1.03 (0.98, 1.06)
Union 1.01 (0.97, 1.06) 1.02 (0.97, 1.05) 1.02 (0.97, 1.05)
Unity 1.05 (1.00, 1.10) 1.05 (1.01, 1.11) 1.05 (1.01, 1.11)
Wema 1.120 (1.07, 1.15) 1.11 (1.07, 1.17) 1.11 (1.07, 1.17)
Zenith 1.00 (0.96, 1.04) 1.00 (0.96, 1.04) 1.00 (0.96, 1.04)
In bold, evidence of mean reversion (d < 1) at the 5% level. xxx means that convergence was not achieved.
Table 3
Estimates of d based on semiparametric methods (return series).
M 20 30 40 50 60 70 80 90
Access 0.143 0.150 0.129 0.108 0.036 0.032 0.040 0.056
Diamond 0.143 0.091 0.084 0.057 0.053 0.056 0.081 0.077
Fidelity 0.274 0.170 0.214 0.267 0.160 0.136 0.166 0.141
First −0.028 −0.029 −0.032 −0.036 −0.018 −0.003 −0.006 −0.015
FCMB 0.025 0.144 0.246 0.252 0.226 0.198 0.098 0.124
GTB 0.131 0.116 0.262 0.160 0.132 0.096 0.070 0.046
Sterling −0.049 0.000 −0.019 −0.057 −0.003 0.013 −0.037 −0.012
United 0.127 0.172 0.197 0.149 0.100 0.057 0.046 0.068
Union −0.156 −0.088 −0.120 −0.096 −0.039 −0.017 −0.073 −0.052
Unity 0.114 0.069 −0.028 −0.036 −0.087 −0.066 −0.054 −0.044
Wema 0.133 0.077 0.057 0.074 0.044 0.090 0.080 0.111
Zenith 0.078 0.158 0.011 0.0451 0.100 0.034 −0.032 −0.013
95% low −0.184 −0.150 −0.130 −0.116 −0.106 −0.098 −0.091 −0.086
95% up 0.184 0.150 0.130 0.116 0.106 0.098 0.091 0.086
In bold, evidence of explosive behaviour (d > 1) at the 5% level.
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Table 4
Summary statistics about the degree of integration of the series.
Mean reversion (d > 1) Unit roots (d = 1) Explosive behaviour (d > 1)
White noise disturbances FCMB First Access, Diamond, Fidelity, GTB, Sterling,
United, Union, Unity, Wema, Zenith
AR(1) disturbances First, GTB Access, Diamond, Fidelity, Sterling, United,
Union, Zenith
FCMB, Unity, Wema
Bloomfield (1973) type disturbances First, GTB Access, Fidelity, Sterling, United, Union,
Zentith
Diamond, FCMB, Unity, Wema
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alk process for the log-prices series, and the I(1) hypothesis
ith white noise errors is rejected in all cases in the tables except
or the First Bank.
The following table focuses on the volatility processes mea-
ured in terms of the absolute and the squared return series. These
wo measures have been widely employed as proxies for the
S
w
C
able 5
stimates of d based on white noise disturbances (data starting in 2005).
anks No regressors An in
i) White noise disturbances
ccess 1.07 (1.04, 1.10) 1.12 (
iamond 1.07 (1.03, 1.10) 1.21 (
idelity 1.10 (1.07, 1.14) 1.20 (
irst 1.00 (0.97, 1.03) 1.00 (
CMB 0.99 (0.96, 1.02) 0.96 (
TB 1.01 (0.97, 1.05) 1.04 (
terling 1.10 (1.06, 1.13) 1.14 (
nited 1.04 (1.01, 1.08) 1.16 (
nion 1.03 (1.00, 1.06) 1.07 (
nity 1.08 (1.04, 1.11) 1.09 (
ema 1.14 (1.10, 1.17) 1.28 (
enith 1.02 (0.99, 1.05) 1.15 (
ii) AR(1) disturbances
ccess xxx 1.03 (
iamond xxx 1.00 (
idelity xxx 1.00 (
irst xxx 0.90 (
CMB 1.16 (1.07, 1.23) 1.06 (
TB xxx 0.92 (
terling xxx 1.01 (
nited xxx 1.00 (
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ema xxx 1.13 (
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iii) Bloomﬁeld disturbances
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n bold, evidence of mean reversion (d < 1) at the 5% level.First, Sterling, Union, Fidelity, FCMB, GTB, United
olatility of the series. Thus, for example, absolute returns have
een employed among others by Ding et al. (1993), Granger and
ing (1996), Bollerslev and Wright (2000), Gil-Alana (2005),
ibbertsen (2004) and Cotter (2005), whereas squared returns
ere used in Lobato and Savin (1998), Gil-Alana (2003) and
otter (2005).
tercept A linear time trend
1.09, 1.16) 1.12 (1.09, 1.16)
1.17, 1.25) 1.21 (1.17, 1.25)
1.16, 1.24) 1.20 (1.16, 1.24)
0.97, 1.04) 1.00 (0.97, 1.04)
0.94, 0.99) 0.96 (0.94, 0.99)
1.00, 1.08) 1.04 (1.00, 1.08)
1.10, 1.18) 1.14 (1.10, 1.18)
1.12, 1.20) 1.16 (1.12, 1.20)
1.03, 1.10) 1.07 (1.03, 1.10)
1.05, 1.12) 1.09 (1.05, 1.12)
1.24, 1.32) 1.28 (1.24, 1.32)
1.11, 1.20) 1.15 (1.11, 1.20)
0.98, 1.08) 1.03 (0.98, 1.08)
0.93, 1.06) 1.00 (0.93, 1.06)
0.95, 1.06) 1.00 (0.95, 1.06)
0.85, 0.96) 0.90 (0.85, 0.96)
1.02, 1.11) 1.06 (1.02, 1.11)
0.87, 0.98) 0.92 (0.87, 0.98)
0.95, 1.08) 1.01 (0.95, 1.08)
0.95, 1.07) 1.00 (0.95, 1.07)
0.95, 1.07) 1.01 (0.95, 1.07)
0.99, 1.13) 1.06 (0.99, 1.13)
1.06, 1.20) 1.13 (1.06, 1.21)
0.90, 1.01) 0.95 (0.90, 1.01)
0.99, 1.09) 1.04 (0.99, 1.09)
1.01, 1.11) 1.06 (1.01, 1.11)
0.99, 1.08) 1.03 (0.99, 1.08)
0.88, 0.97) 0.93 (0.88, 0.97)
1.02, 1.12) 1.07 (1.02, 1.12)
0.90, 0.99) 0.94 (0.90, 0.99)
0.99, 1.10) 1.04 (0.99, 1.10)
0.99, 1.10) 1.04 (0.99, 1.10)
0.97, 1.08) 1.02 (0.97, 1.08)
1.00, 1.12) 1.05 (1.00, 1.12)
1.11, 1.24) 1.17 (1.11, 1.24)
0.94, 1.05) 0.99 (0.94, 1.05)
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Table 6
Estimates of d based on semiparametric methods (data starting in 2005).
M 20 30 40 50 60 70 80 90
Access 0.228 0.200 0.095 0.095 0.093 0.072 0.059 0.021
Diamond 0.074 0.080 0.061 0.090 0.088 0.041 0.021 0.040
Fidelity 0.179 0.273 0.171 0.157 0.151 0.158 0.088 0.070
First 0.057 −0.010 −0.008 −0.004 0.001 −0.014 −0.086 −0.081
FCMB 0.187 0.352 0.251 0.144 0.136 0.185 0.138 0.144
GTB 0.113 0.228 0.105 0.042 0.034 0.017 −0.082 −0.073
Sterling 0.019 −0.027 0.013 −0.001 −0.001 0.024 0.008 0.036
United 0.192 0.227 0.146 0.085 0.113 0.069 0.026 0.031
Union −0.054 −0.055 −0.018 −0.060 −0.048 −0.022 −0.037 −0.014
Unity 0.060 −0.025 −0.092 −0.063 −0.039 −0.041 −0.061 −0.099
Wema 0.159 0.094 0.058 0.078 0.035 0.062 0.085 0.102
Zenith 0.090 0.156 0.021 0.051 0.052 0.025 −0.051 −0.037
95% low −0.184 −0.150 −0.130 −0.116 −0.106 −0.098 −0.091 −0.086
95% up 0.184 0.150 0.130 0.116 0.106 0.098 0.091 0.086
Table 7
Summary statistics with data starting in 2005.
Mean reversion (d > 1) Unit roots (d = 1) Explosive behaviour (d > 1)
White noise disturbances FCMB First Access, Diamond, Fidelity, GTB, Sterling,
United, Union, Unity, Wema, Zenith
AR(1) disturbances First, GTB Access, Diamond, Fidelity, Sterling, United,
Union, Unity, Zenith
FCMB, Wema
Bloomfield (1973) disturbances First, GTB Access, Fidelity, Sterling, United, Union,
Zenith
Diamond, FCMB, Unity, Wema
Non-parametric approach (m = 50) Access, Diamond, First, GTB, United,
Sterling, Union, Unity
Fidelity, FCMB
Table 8
Estimates of d for the volatility processes (data starting in 2005).
Banks No regressors An intercept A linear time trend
(i) Absolute returns
Access 0.20 (0.18, 0.23) 0.22 (0.19, 0.24) 0.21 (0.18, 0.24)
Diamond 0.30 (0.27, 0.33) 0.31 (0.28, 0.34) 0.30 (0.28, 0.33)
Fidelity 0.31 (0.28, 0.34) 0.32 (0.29, 0.35) 0.31 (0.29, 0.34)
First 0.24 (0.21, 0.27) 0.24 (0.21, 0.27) 0.24 (0.21, 0.27)
FCMB 0.35 (0.31, 0.40) 0.35 (0.31, 0.40) 0.35 (0.31, 0.40)
GTB 0.24 (0.21, 0.27) 0.23 (0.20, 0.26) 0.23 (0.20, 0.26)
Sterling 0.22 (0.20, 0.24) 0.23 (0.21, 0.25) 0.22 (0.20, 0.24)
United 0.23 (0.20, 0.26) 0.24 (0.21, 0.27) 0.23 (0.21, 0.26)
Union 0.12 (0.09, 0.14) 0.13 (0.10, 0.15) 0.11 (0.08, 0.14)
Unity 0.20 (0.18, 0.22) 0.20 (0.18, 0.23) 0.20 (0.18, 0.22)
Wema 0.35 (0.33, 0.37) 0.36 (0.33, 0.38) 0.35 (0.33, 0.38)
Zenith 0.24 (0.21, 0.26) 0.24 (0.22, 0.26) 0.24 (0.22, 0.26)
(ii) Squared returns
Access 0.00 (−0.03, 0.04) 0.00 (−0.03, 0.04) 0.00 (−0.03, 0.04)
Diamond 0.25 (0.22, 0.28) 0.25 (0.23, 0.28) 0.25 (0.22, 0.28)
Fidelity 0.26 (0.23, 0.29) 0.27 (0.24, 0.30) 0.26 (0.23, 0.29)
First 0.03 (0.00, 0.07) 0.03 (0.00, 0.07) 0.03 (0.00, 0.07)
FCMB 0.40 (0.34, 0.47) 0.40 (0.34, 0.47) 0.40 (0.34, 0.47)
GTB 0.11 (0.08, 0.14) 0.11 (0.08, 0.14) 0.11 (0.08, 0.14)
Sterling 0.01 (−0.03, 0.04) 0.00 (−0.03, 0.04) 0.01 (−0.03, 0.04)
United 0.03 (0.00, 0.06) 0.03 (0.00, 0.06) 0.03 (0.00, 0.06)
Union 0.00 (−0.03, 0.03) 0.00 (−0.03, 0.03) 0.00 (−0.04, 0.03)
Unity 0.00 (−0.03, 0.03) 0.00 (−0.03, 0.03) 0.00 (−0.03, 0.03)
Wema 0.28 (0.26, 0.31) 0.29 (0.27, 0.31) 0.29 (0.26, 0.31)
Zenith 0.05 (0.02, 0.07) 0.05 (0.02, 0.07) 0.05 (0.02, 0.07)
In bold, evidence of mean reversion at the 5% level.
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Table 9
Number of breaks and break dates for each series.
Banks NB 1st subs. 2nd subs. 3rd subs. 4th subs. 5th subs.
Access 3 Jan-05–Oct-06 Nov-06–Dec-07 Jan-08–Dec-08 Jan-09–Dec-12 –
Diamond 3 Jan-05–Oct-06 Nov-06–Dec-07 Jan-08–Dec-08 Jan-09–Dec-12 –
Fidelity 3 Jan-05–Oct-06 Nov-06–Dec-07 Jan-08–Mar-09 Apr-09–Dec-12 –
First 2 Jan-05–Jan-08 Feb-08–Dec-08 Jan-09–Dec-12 – –
FCMB 3 Jan-05–Oct-06 Nov-06–Dec-07 Jan-08–Dec-08 Jan-09–Dec-12 –
GTB 3 Jan-05–Oct-06 Nov-06–Jan-08 Feb-08–Dec-08 Jan-09–Dec-12 –
Sterling 3 Jan-05–Dec-06 Jan-07–Mar-08 Apr-08–Dec-08 Jan-09–Dec-12 –
United 2 Jan-05–Apr-08 May08–Dec-08 Jan-09–Dec-12 – –
Union 2 Jan-05–Oct-07 Nov-07–Dec-08 Jan-09–Dec-12 – –
Unity 2 Jan-05–Dec-06 Jan-07–Feb-09 Mar-09–Dec-12 – –
Wema 4 Jan-05–Dec-06 Jan-07–Oct-07 Nov-07–Dec-08 Jan-09–Mar-09 Mar-09–Dec-12
Zenith 2 Jan-05–Jul-07 Aug-07–Dec-08 Jan-09–Dec-12 – –
Table 10
Estimates of the differencing parameters for each subsample.
Banks 1st subs. 2nd subs. 3rd subs. 4th subs. 5th subs.
Access 1.04 (0.96, 1.13) 1.20 (1.13, 1.29) 1.24 (1.14, 1.37) 1.10 (1.05, 1.16) –
Diamond 1.20 (1.13, 1.18) 1.25 (1.16, 1.37) 1.29 (1.18, 1.41) 1.17 (1.12, 1.24) –
Fidelity 1.26 (1.16, 1.38) 1.34 (1.23, 1.47) 1.26 (1.18, 1.32) 1.16 (1.10, 1.23) –
First 0.98 (0.92, 1.04) 1.34 (1.21, 1.49) 0.93 (0.89, 0.97) – –
FCMB 1.07 (0.99, 1.15) 1.19 (1.11, 1.29) 1.17 (1.09, 1.28) 0.87 (0.84, 0.91) –
GTB 1.07 (0.98, 1.17) 1.09 (0.99, 1.19) 1.32 (1.19, 1.47) 0.91 (0.86, 0.96) –
Sterling 1.10 (1.04, 1.16) 1.29 (1.19, 1.41) 1.12 (1.02, 1.26) 1.13 (1.08, 1.19) –
United 1.08 (1.02, 1.15) 1.21 (1.10, 1.35) 1.16 (1.10, 1.22) – –
Union 1.05 (0.97, 1.13) 1.19 (1.10, 1.30) 1.06 (1.02, 1.11) – –
Unity 1.31 (1.26, 1.37) 1.22 (1.15, 1.29) 1.09 (1.04, 1.14) – –
Wema 1.33 (1.23 1.44) 1.35 (1.22, 1.53) 1.85 (1.73, 1.98) 1.08 (0.94, 1.33) 1.24 (1.18, 1.29)
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n bold, evidence of mean reversion at the 5% level.
Table 8(i) displays the estimates of d  in the absolute returns,
hile Table 8(ii) focuses on the squared returns. In the former
ase, we see that all the estimates are statistically significantly
ositive implying long memory behaviour, the values ranging
etween 0.11 (Union Bank with a linear time trend) and 0.36
Wema Bank with an intercept). For the squared returns, long
emory is also found in the majority of the cases, though the
ypothesis of short memory behaviour cannot be rejected in the
ases of Sterling, Union and Unity banks. This evidence of long
emory in the volatility processes is consistent with what is
ound in other more developed financial markets (see Gil-Alana
t al., 2014).
On the other hand, some authors have suggested that frac-
ional integration may be an artificial artefact generated by the
resence of breaks in the data that have not been taken into
ccount.2 Thus, in what follows, we use a methodology sug-
ested by Gil-Alana (2008) that allows us to test the presence
f breaks in the context of fractional integration. In particular,
sing this method we can endogenously determine the number
f structural breaks along with the break dates, and the frac-
ional differencing parameters for each subsample separately.
he estimated number of breaks and the breaks dates for each
2 See among others Cheung (1993), Diebold and Inoue (2001), Giraitis et al.
2001), Mikosch and Starica (2004) and Granger and Hyung (2004).
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t1.10 (1.04, 1.15) – –
eries are displayed in Table 9. It can be observed that four
reaks are found in the case of the Wema bank; three breaks
or six banks (Access, Diamonds, Fidelity, FCMB, GTB and
terling) and two breaks in the remaining banks (First, United,
nion, Unity and Zenith). This heterogeneity in the number
f breaks across banks also takes place when looking at the
reak dates, though a common break date in almost all banks is
ecember 2008. Other frequent break dates in the banks are
ctober 2006 and December 2007. The break in December
008 is a result of the global financial crisis. Although this
risis started in the US in August 2007 and it began to affect
he Nigerian capital market in February 2008, it did not begin
o affect the banking industry in the country until between
pril and May 2008. In this period investors started selling
heir bank shares leading to a drastic fall in the share prices.
he break in October 2006 is a result of the merging and
onsolidations of banks around that time. This affected the cap-
talizations of banks, and raised bank share prices for some
ime.
Table 10 displays the estimated fractional differencing
arameters for each subsample. Among them we observe only
ery few cases of mean reversion. In particular, estimates of
 statistically below 1 are only obtained in the third subsam-
le of the First Bank and in the fourth subsample for FCMB and
TB. If we focus on the estimates of d  for each subsample using
he Whittle semiparametric method, the results are displayed in
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Table 11
Estimates of d based on semiparametric methods (data starting in 2005) (RETURNS).
M Subs. 5 10 15 20 30 40 50
Access 1st 0.375 0.005 −0.122 −0.184 −0.221 −0.143 −0.120
2nd −0.001 0.174 0.125 0.118 0.144 0.177 0.199
3rd −0.103 −0.276 −0.113 −0.079 −0.014 0.049 0.092
4th 0.036 0.020 −0.024 −0.030 0.058 0.038 0.009
Diamond 1st −0.198 0.122 −0.288 −0.188 −0.028 0.077 0.071
2nd −0.142 0.028 0.363 0.378 0.115 0.069 0.107
3rd −0.028 −0.372 −0.293 −0.283 −0.146 0.023 0.215
4th 0.455 0.203 0.052 0.053 0.119 0.138 0.112
Fidelity 1st 0.500 0.202 −0.151 −0.226 −0.248 −0.219 −0.164
2nd 0.430 0.279 0.045 0.044 0.018 0.065 0.128
3rd −0.282 −0.185 0.015 0.007 0.028 0.017 0.058
4th −0.142 −0.139 0.042 0.087 0.150 0.125 0.107
First 1st −0.321 0.040 −0.151 −0.064 −0.168 −0.176 −0.149
2nd −0.226 −0.427 −0.363 −0.358 −0.063 0.016 0.058
3rd 0.031 −0.080 −0.214 −0.093 0.132 0.083 0.067
FCMB 1st −0.130 0.011 −0.199 −0.113 −0.112 −0.027 −0.137
2nd 0.409 0.113 0.106 −0.069 −0.012 0.031 0.129
3rd 0.243 0.274 −0.024 −0.025 0.002 0.090 0.115
4th −0.102 0.040 0.197 0.125 0.066 0.154 0.159
GTB 1st −0.214 −0.225 −0.073 −0.045 −0.122 −0.168 −0.184
2nd 0.273 0.094 −0.099 −0.034 0.023 −0.107 −0.053
3rd −0.160 −0.500 −0.598 −0.339 0.019 0.178 0.182
4th 0.197 0.141 0.154 0.024 0.021 0.008 −0.093
Sterling 1st −0.516 −0.206 −0.158 −0.080 0.058 0.077 0.126
2nd 0.121 0.009 −0.001 −0.120 0.020 0.078 0.047
3rd 0.389 0.103 −0.076 −0.008 0.001 0.044 0.124
4th −0.199 −0.245 −0.150 −0.187 0.020 0.071 0.113
United 1st 0.039 −0.102 0.185 0.208 0.077 0.000 −0.995
2nd 0.262 0.011 −0.093 0.006 0.180 0.154 0.234
3rd 0.178 0.206 0.197 0.118 0.047 0.058 0.012
Union 1st 0.225 −0.076 0.042 −0.170 −0.170 −0.136 −0.089
2nd 0.294 0.441 0.444 0.272 0.148 0.052 0.067
3rd −0.176 −0.173 −0.141 −0.064 −0.105 −0.071 −0.015
Unity 1st 0.002 0.005 0.012 0.027 0.084 0.183 0.309
2nd 0.336 0.369 0.155 −0.011 −0.081 −0.066 −0.018
3rd −0.428 −0.264 −0.153 −0.159 −0.048 0.001 0.077
Wema 1st −0.500 −0.503 −0.178 −0.224 −0.131 −0.140 −0.154
2nd 0.431 0.282 0.110 −0.013 −0.080 0.006 0.122
3rd 0.007 0.021 0.034 0.058 0.124 0.224 0.374
4th 0.422 0.476 0.271 0.212 0.284 0.314 0.217
5th −0.324 0.044 −0.090 −0.137 −0.175 −0.103 −0.032
Zenith 1st 0.339 0.168 0.239 0.102 0.110 0.087 −0.014
2nd 0.411 0.500 0.075 0.034 −0.038 0.052 0.110
3rd −0.292 −0.295 −0.301 −0.363 −0.210 −0.127 −0.132
95% low – 0.367 0.260 0.212 0.184 0.150 0.130 0.116
95% high – −0.367 −0.260 −0.212 −0.184 −0.150 −0.130 −0.116
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n bold, evidence of mean reversion at the 5% level.
able 11. Here we observe that most of the cases of mean rever-
ion take place at the first subsamples, observing an increase
n the degree of dependence as we move from one subsample
o another. Thus, we can conclude by saying that the degree of
ependence has increased across the sample period for most of
he series examined.
.  Concluding  remarksThis paper deals with the analysis of fractional integration and
tructural breaks in the daily share prices of banks in Nigeria,
sing data from 2001 to 2012. These data cover periods before
t
a
end after the global financial crisis. Preliminary data descrip-
ion showed that from among the selected banks, First Bank had
he highest average share price, while Unity Bank returned the
owest share price; the distribution of the banks share prices is
ositively skewed and leptokurtic except that of Union Bank.
he analysis of fractional integration was carried out using both
arametric and semiparametric methods. The results showed
vidence of no mean reversion in most of the bank share prices
ince most of the orders of integration were equal to or higher
han 1. The only exceptions were FCMB with uncorrelated errors
nd First Bank and GTB with autocorrelated disturbances. How-
ver, the absolute and squared return series displayed evidence
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f long memory (d  > 0) in the majority of the cases examined.
his is consistent with what is observed in other more devel-
ped financial markets. Testing for the stability in the integration
rders using structural breaks techniques, the results are het-
rogenous in terms of the number of breaks and the break dates,
ith all banks having at least two breaks over the sampled period.
 common break is found in practically all cases at December
008, a few month later after the global financial crisis. The het-
rogeneity in the number of breaks and in the break dates might
e due to the fact that the banking system in Nigeria has under-
one a number of reforms and consolidations between the years
006 and 2012. Also, the global financial crisis has strongly
ffected the Nigerian banking industry.
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